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Abstract 
Electroenccephalogram (EEG) is well established for assessing the functional state of the brain. During the anesthesia, 
the brain activity level changed dramatically, so we could get the depth of anesthesia estimation from EEG recording. 
In previous research, most achievements were in the frequency-domain. In this paper, besides the frequency-domain 
features extraction, we have introduced the concept of “Entropy” as well as nonlinear feature. The results show that, 
with the deepening of anesthesia degree, approximate entropy˄ApEn˅, Shannon entropy˄SSE˅and Lempelü
Ziv complexity from EEG signal decrease gradually. Centre frequency towards to low frequency, total power shows a 
rising trend. Largest Lyapunov index also decreases, while the correlation dimension has no clear trend. 
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1.Introduction 
At present, the relation between the anesthetic depth and the brain activity is still a problem yet to 
overcome in medicine. The Bispectral Index (BIS) extract a combination of features based on time- and 
frequency-domain, which is the most successful commercial monitor. However, with the new synthetic 
narcotic agents, various new models have been introduced into EEG analysis. 
As we know, during the anesthesia process, the human consciousness weakened gradually, as well as 
the brain activity level. In the thermodynamic perspective, the degree of EEG chaos is reducing. 
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Therefore, it is very nature to introduce the concept of “entropy” into the field of EEG analysis. In this 
study, we extracted ApEn, SSE and complexity as time-domain characteristic parameters from EEG 
sequence, which reflect the brain activity trends during the anesthesia process. Traditionally, the EEG 
signal frequency band (0.5~35Hz) was roughly divided into 4 frequency bands, different brain state with 
different frequency bands proportion. In this paper, we extracted the EEG power spectrum, calculated the 
total power and Centre frequency, as EEG frequency -domain parameters. 
Compared with traditional frequency-domain analysis, nonlinear method has a unique advantage in 
some areas. During past years, with the development of nonlinear studies [1], nonlinear methods such as 
correlation dimension, largest Lyapunov exponent have been widely used to monitor various 
physiological changes in human activities[2]. This article also tries to use nonlinear methods for EEG 
feature extraction, and get some nonlinear parameters. 
2.Material and Methods 
2.1.Data acquisition 
We have selected 12 cases of clinical anesthesia EEG signals, 6 cases of conscious EEG signals (over 
10 million semaphore), and 16 cases of short clinical anesthesia EEG signals (about 3 million semaphore). 
The patients ranged in age from 25 to 57, male and female. All patients have been collected by two-
channel EEG. The whole process from conscious to deepening of anesthesia has been recorded. Figure 1 
is a diagram of a sample EEG signal. 
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Figure 1: EEG signal sample Feature extraction 
This article has extracted three types of EEG parameters: time-domain, frequency-domain and 
nonlinear chaotic parameters, including Approximate entropy, Information entropy, Lempelü Ziv 
complexity, Power spectrum, Largest Lyapunov exponent, and Correlation dimension. 
2.2.1 ApEn is a statistical property which can be used to quantity the complexity and irregularity of a 
signal, it first introduced by Pincus[3][4]in 1991.The ApEn is calculated using the following 
definition[5][6]: ( ) ( ) ( 1)m mApen m r N r r= Φ − Φ +ˈ ˈ .For EEG signal, ApEn characterizes the 
intensity of brain activity, the larger ApEn is, the more complicated it works.  
2.2.2 Information Entropy[7]is first introduced by C.E.Shannon[8]in 1948. It characterizes the 
uncertainty of the system. For EEG signal, defined it as follows:
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Entropy represents the change in the size of the average irregular degree pattern occurred.  
2.2.3 Complexity analysis is a nonlinear dynamic analysis, which is very suitable for analysing non-
stationary signals. The complexity of the sequence shows the random level of EEG. Lempel and 
Ziv[9]proposed an algorithm for estimating a complexity measure˄Figure 2a˅: 
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     ( 2, )L L L N> ∈ is a parameter and 
max min( ) /d x x L= − ,{ ( ) | 1, 2,... }s j j L= is a set of characters. Thus we have established a symbol 
sequence{ ( )}S i  composed of L different characters. This step is called coarse-grained process[10]. Then, 
scan the sequence, count the number of the new substring by using a specific algorithm, denoted as N [11]. 
2.2.4 Power spectrum. In this paper, we use Welch Period gram method to estimate EEG power 
spectrum. First, we use DFT to transform the EEG sequence ( )x n into its frequency-domain form ( )X k . 
Then calculate the square modulus, and divided by n , then get the estimation of the sequence’s power 
Spectrum P. Here, the power spectrum’s resolution is 0.5Hz.  
             
Figure 2: (a)Complexity algorithm flow chart (b)Centre Frequency algorithm flow chart (c)Correlation dimension algorithm flow 
chart 
Finally, we could calculate the Centre frequency[12]: 2 2
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= ×¦ ¦  of the EEG signal. The 
algorithm is as follows˄Figure 2b˅.  
2.2.5 Correlation dimension[13] shows the complexity of a nonlinear system, which reflects the 
original signal of different amplitude. The strict mathematical correlation dimension needs to calculate a 
correlation integral curve and its differential curve, meanwhile, the sequence length should tend to 
infinity. In order to address the correlation dimension of the computer algorithm problem, Grassberg and 
Procaccia proposed an algorithm called GP[14][15]method to calculate the it˄Figure 2c. 
2.2.6 Lyapunov exponent is an important quantitative indicator of system dynamics, which 
characterizes the average convergence or divergence rate between adjacent tracks in phase space. 
Suppose that a system has n Lyapunov exponents, denoted by 1 2{ }nλ λ λ"ˈ , we call the largest 
one 1λ LLE. In this paper, we use Wolf method to calculate LLE. 
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3.Results and Discussion  
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Figure3: Approximate Entropy, Information Entropy and Complexity 
Figure3 shows that the time-domain parameters decrease progressively as anerthesia deepens.  
The frequency-domain parameters show an opposite trend (Figure 4a). But this could be eliminated by 
using a transformation. It is a new attempt to use nonlinear parameters in anesthesia depth estimating, and 
the function of these parameters is unknown. Here is the result(Figure 4b). 
In the previous section, feature extraction is performed. With the deepening of anaesthesia degree, the 
value of ApEn is changing dramatically, the overall trend is deepening as the level of anaesthesia 
gradually. 
Complexity is similar as ApEn(Figure 5a), while SSE is more significant declining.
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Figure 4: (a) Total Power and Centre Frequency  (b) Correlation dimension and LLE 
In the frequency-domain, the total power of EEG showed a rising trend in shock, while the centre 
frequency has a high degree of consistency with time-domain parameters. For nonlinear parameters, LLE 
has a significant “jump” during the process, Correlation dimension shocks more severely, but the trend is 
not very clear.  
If we use Demo1 BIS(Figure 5b) value as a reference measurement, we can see that, from awake to 
shallow anaesthesia, then to unconsciousness, the degree of brain activity was a gradual decline. By 
comparison we can find, “Entropy”, power spectrum parameters and LLE are more sensitive to 
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anaesthesia, while correlation dimension is more complicated, and needs further analysis, which can be 
explored in the future. 
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Figure 5(a) Total Power and Centre Frequency   (b) BIS value 
4. Conclusions 
This study shows that the parameters extracted from EEG have a great advantage in reflecting the 
brain activity during the anaesthesia process. Time-domain parameters are much better than other 
parameters in comparison. Approximate entropy and complexity are of the same trend. In addition, the 
algorithm of entropy parameters is simple and has a high computational efficiency, which is suitable for 
on-line computation. As a traditional method of EEG analysis, power spectrum is already quite mature, 
for example, BIS is the extraction of spectral parameters. In this paper, we have also extracted two 
frequency-domain parameters: total power and centre frequency. As for the nonlinear parameter, it is a 
new approach for the field of EEG analysis. LLE has a more significant trend, but the information 
contained in the correlation dimension remains complex and requires further extraction. Meanwhile, the 
nonlinear parameter extraction process is relatively slow, which is difficult to use in on-line computation. 
According to the different characteristics of these parameters, the entropy parameters and power 
spectrum parameters will be applied to on-line computation and off-line modelling will use all the 
parameters extracted from EEG. 
The introduction of nonlinear and “Entropy” provides a new perspective to EEG analysis, so it is 
feasible to establish a model for anaesthesia monitoring. Several techniques such as ANN, Lasso model, 
ARX model will be used in for classification of anaesthesia depth level. And this will be described in 
another paper: “EEG under anaesthesia –a general method for calculation of depth of anaesthesia”. 
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